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Abstract—Loads points are one of the most vital parts of power
systems. Due to the new load forms and programs introduced
in the demand side, the load serving entities (LSEs) no longer
deal with lump loads, but rather with more dynamic, rational
and price elastic loads. The high inter-temporal and behavioral
variability of the load profile makes it almost impossible for
utilities and system operators to expect the demand curve with the
needed accuracy. A sound granularity of the load compositions
and consumption percentages and patterns throughout the year
is essential for avoiding energy losses, designing demand side
management programs and ensuring proper adjustments of
electricity rates. In this paper, a simplistic model that can
be followed by system operators to initially understand the
customers consumption pattern and the household load structure
is proposed. A top-down approach is combined and matched
with a detailed bottom-up one, to extract load compositions
and percentages. Real and local load profiles integrated with
household statistical data such as device time of use (ToU),
number of device units per house and activities exercised in
households are all included in the model. The main results of the
paper show the load composition in residential demand and the
percentage of such composition under seasonal-based scenarios.
Index Terms—Microgrids, controllable loads, demand-side
management, load percentages, load composition, load modelling
I. INTRODUCTION
FOR a long time, electric utilities dealt with price-inelasticcustomers as technologies enabling load deferral and
distributed generation were not widely deployed. Nowadays,
utilities are dealing with rational customers who optimize
their consumption based on the announced prices. Under
all circumstances, electric energy supply must always meet
electric energy demand, and any unbalance in this equation
may lead to brown-outs or more severely a blackout. LSEs
worldwide are buying costly new generation whenever they
speculate an increase in the demand during the peak hours,
whereas this increase in demand can be easily addressed
by understanding the load composition and applying data-
driven DSM programs targeting the loads compositions with
highest consumption percentages. The capricious load profile
is no longer unanalyzable with the recent developments in
Advanced Metering Infrastructure (AMI).
System operators need to understand the load profile accu-
rately before implementing demand side management (DSM)
or imposing any time of use tariff on certain devices. Given a
certain load profile , the controller must have information the
components that contributed to this profile and the percentage
of each load type (Fig. 1). Saudi Arabia has one of the fastest
growing energy demand around the world with a population
growth of 20% between the years 2004 to 2010 [1]. For
power systems such as the one in Saudi Arabia, 52% of the
energy sales come from the residential sector and thus system
operators must understand the load composition properly in
order to target specific home devices for energy conservation
awareness or DSM programs.
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Fig. 1. Average and peak annual load profile.
Researchers tried to acquire a satisfactorily accurate deter-
mination of the household load composition using different
techniques. There are approximately three known load mod-
elling approaches : 1) component-based 2) measurement-based
3) A combination of the preceding two approaches (hybrid
model). A comprehensive review about load modeling is given
in [2].
Component based load modelling is a bottom-up method
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that aggregates the load information based on the composition
of each load type and the characteristic of each load compo-
nent. The component-based method was extensively studied in
the literature [3, 4, 5, 6, 7, 8, 9, 10]. For example, in [3], the
authors used component-based load modelling to reduce the
error between reactive design and the actual real value. Their
model engages quantitative analysis and test of a cluster of
loads on a real configuration of a substation.
The measurement-based method is more widely used in
microgrids (MG) given that faster sampling and higher ac-
curacy of data can be acquired from the distributed phasor
measurement units (PMU). The measurement-based approach,
heavily relies on the data acquisition devices that are mounted
at different locations in the system. The advantage of this
method is the real-time accurately acquired data that does
not require any estimation or variation of variables and thus
it performs well in dynamic simulations. In [11, 12, 13, 14,
15, 16, 17], measurement-based method was used at different
voltage levels. In [11], the static and dynamic load model
in grid-connected and islanded low-voltage (LV) MG was
investigated. The model was developed and then tested in
a laboratory scale MG. In [12], online measurement data
from Taiwan power system was gathered to derive, test and
compare between different dynamic load models. The con-
ducted numerical studies in the paper concluded that linear
dynamic load models outperforms the nonlinear dynamic mod-
els when it comes to reactive power behavior modeling during
disturbances. [13] utilizes the measurement-based method to
build up a complete load model at distribution level. The
authors compared their model with a composite load model
at transmission level and another model at generation level.
They showed that their model performs better in transient
conditions. References [14] and [16] applied measurement-
based dynamic load modelling using curve-fitting technique
and vector-fitting technique ,respectively. [17], discusses resi-
dential MG scheduling by utilizing smart meters to come up
with a temperature dependent thermal load model. Sensitivity
analysis is implemented to reflect the impact of the uncertain-
ties contained in the model. A hybrid model was applied in
[18, 19, 20].
In [18], multiple data from single users is aggregated to
generate the residential MG load profile. There are eight Major
Electricity Consumption (MEC) events that when aggregated,
a residential house load profile is acquired. The model pa-
rameters for each event are acquired using Ant Colony Op-
timization (ACO) algorithm. The load modeling method was
then validated using a real MG in Ohio, USA. While in [19], a
dynamic equivalent Active Distribution Network Cell (ADNC)
model was presented and examined. The model allows for
more penetration of unconventional energy sources such as
PV and wind in the distribution network. The performance of
the model was tested using the modified IEEE nine bus system
during different levels of disturbances.
Although load modeling was appropriately studied in the
literature, very few papers tackled exploring the load compo-
sition and percentages of real load data using simply the total
load information and statistical data based on the location, ToU
of the appliances, approximated number of units per house and
load daily operation patterns. In this paper, a detailed load
modeling will be implemented on real and local residential
loads data from Saudi Arabia. Firstly, a top-down approach
will be utilized to acquire annual, monthly and daily load
profiles. Then, a bottom-up approach will be modeled on the
residential load sector to identify the composition of loads
and consumption percentage of each appliance to the whole
consumption in summer and winter.
In the following section the residential load structure and
load composition modeling will be presented and the hybrid
approach will be formulated and explained. The simplistic
method to find load structures is discussed in section 3, and
the results follow in section 4. Lastly, section 4 conclude the
research with some remarks and outcomes of the study.
II. RESIDENTIAL LOAD MODELING
The majority of energy sales in Saudi Arabia is attributed
to residential costumers (Table I). As a result, it is essential to
investigate the load composition and percentages of household
costumers. Utilities carefully study the consumer behavior,
which is mainly governed by the type of appliances, devices
and machines the consumer is using. Each of these loads has a
certain contribution to the residential load profile, which varies
by seasons, weather, special events and prices. In order to
conduct load controlling and hence demand-side management
in a MG, a detailed identification of the load composition and
its percentages must be determined.
The location of data used in this paper is the Eastern
province in Saudi Arabia, which is the largest province by area
(Fig. 2). The coordinates of the data location are 26.2361 N,
50.0393 E. The load data was acquired based on supervisory
control and data acquisition (SCADA) measurements.
TABLE I
ENERGY SALES IN SAUDI ARABIA PER CATEGORY [21]
Classification Ratings Energy Sales (GWh) Energy sale (%)
Residential 0.4kV/0.22kV 143,055 49.6%
Commercial 0.4kV/0.22kV 48,252 16.72%
Industrial 13.8kV 47,230 16.4%
Governmental 0.4kV/0.22kV 38,422 13.3%
Others 13.8kV/0.4kV/0.22kV 11,698 4.1%
Using the measurement based method, which is a top-down
approach, we acquire the residential annual and daily load
profiles shown in Figs. 3 & 4. The residential daily load
profile shows the peculiar habit of household consumption in
Saudi Arabia, where the load peaks at around 3 P.M due to
consumers coming out of work and schools. The consumption
is minimum at 6 A.M that is when most customers are sleep-
ing. Most of the manually operated loads (i.e., oven, vacuum
cleaner, and TV) in this period are idle while the automatically
and semi-automatically operated loads (i.e., refrigerator and air
conditioner) are less affected by the factor of time.
Fig. 2. Eastern province in Saudi Arabia indicated with a tick mark.
The annual average and peak load profile are displayed
in Fig. 3 & 4. All figures were scaled as per the following
equation:
Ps(t) =
Pl(t)
Pmax
(1)
Where, {Ps ∈ R+ | 0 < Ps < 1} . Pmax ∈ R+ is the daily
maximum power, and Pl(t) ∈ R+ is the hourly load at hour
t.
The annual load profile in Fig. 4 highlights the effect of
seasons on the residential load profile, where it the consump-
tion peaks in summer months starting from May to July and it
less in winter months starting from October to February. The
effect of weather resulted in an increase in electricity usage
of more than 130% between February and June. It is observed
that the average load is approximately 86% of the peak load
in most months. The primary reason for this change is the air
conditioning loads as will be investigated in the next section.
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Fig. 3. Residential daily load profile.
III. RESIDENTIAL LOAD STRUCTURE AND LOAD
COMPOSITION MODELING
To apply demand side management, a precise specification
of the load composition is essential in order to know the
contribution percentage of every device to the overall load
profile. In the previous section, the daily and annual load
profiles were presented using a top-down approach. In this
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Fig. 4. Residential annual load profile.
section, a bottom-up approach will be used and matched with
the top-down approach.
Data acquired by the Saudi Arabian General Authority for
Statistics (GAS) in 2016, shows the usage hours of different
home appliances and devices per day [1] (Table II). We rely on
this data for the bottom-up approach, where we back-project
the consumption of each device/appliance to the top-down load
profile to properly scale the percentage of consumption of each
load activity.
Considering that the consumption of devices might be
affected by the level of loading, we introduce two loading
states, i.e., active and idle. The total energy consumption C
($/kWh) of each load is given as:
Cs =
(
ωdRγ
d,s
R + ω
d
Iγ
d,s
I
)
td,s (2)
where s = {0, 1} is a set resembling winter and summer
seasons, respectively. Winter months are assumed to be from
October to February and the period from March to September
is considered as summer. t ∈ Z+ is the device daily time
of use measured in hours. ωR, ωI ∈ R+ are the wattage
consumption in run-mode and idle-mode, respectively. γd,sR
and γd,sI are the fractions of run-time and idle-time of de-
vice d, respectively, where d is a vector d¯ ∈ Zm+ s.t. for
m > j > 0, d = {dj , dj+1, ..., dm}, where m is the total
number of devices or appliances. {γR, γI ∈ Q+} is given
such that:
γR + γI = 1 (3)
Using the information in Table II, the following equation
is applied to acquire the average energy consumed by every
device:
Ψd,s = qd,sCs (4)
Ψd,s is the energy consumed by device d in season s. Lastly,
{q ∈ N} is the number of units of device d in a household.
IV. RESULTS
After applying the collected data on our model in (4),
the consumption of each load activity in summer and winter
seasons is calculated (Table III). By matching the residential
TABLE II
HOUSEHOLD ACTIVITIES AND CALCULATION PARAMETERS
Activity ToU(winter)
ToU
(summer)
Number of
units (winter)
Number of
units (summer) Rating (W)
Idle rating
(W) Operation
Run-time
(%)
Idle-time
(%)
Heating
(oil-filled) 8 1.5 2 1 1500 0
Semi
Auto 0.5 0.5
Air
conditioning 3 10 2 5 1800 100
Semi
Auto 0.6 0.4
Water
heating 14 4.7 3 1 1500 30 Auto 0.3 0.7
Water
coolers 10 17 1 1 250 10 Auto 0.5 0.5
Water Bump
(Dynamo) 1.5 2.1 1 1 250 0 Auto 1 0
Washing &
Drying 1.3 1.9 2 2 2000 0
Semi
Auto 1 0
Ironing 1 1.8 1 1 1000 0 Manual 1 0
Vacuum
cleaning 1 1.3 1 1 1000 0 Manual 1 0
Cooking 1.6 1.4 1 1 2150 0 SemiAuto 1 0
Electric
kettle 1.3 2 1 1 1800 0 Manual 1 0
Lighting 7.3 7.5 50 50 10 0 Manual 1 0
Food
preservation 24 24 2 2 100 0 Auto 1 0
TV 5.3 5.9 1 2 120 13 Manual 1 0
PC 2.1 2.6 2 2 150 7.5 Manual 1 0
Gaming
devices 2.6 3 4 4 30 7.5 Manual 1 0
load profile in Fig.3, with the average energy consumed by
every device using (4), the pie-charts in Fig. 5 and Fig.
6 are acquired. The pie-charts show the percentage share
of each home activity during summer and winter months.
From Fig. 6, it is observed that Air-conditioning (AC) loads
sums up to 62% of the total load in summer months. This
finding is proven as SEC announced a similar percentage in
their reports [22]. AC loads shrink to only 11% in winter
as the temperature goes down, thus the heating loads rise,
and we found that water and ambient heating constitutes to
50% of the monthly winter demand. As an indicator of the
accuracy of the composition percentages, we observe that
lighting in winter represented 6% of the profile, while it
was 4% in summer. The reason is that at winter the evening
time is longer and even the day time is cloudy sometimes;
therefore, lighting usage in the winter is higher than summer.
Other activities such as washing/drying, ironing, and cleaning
have very similar consumption in both periods. It is worth
mentioning that social behavior and psychological studies can
also utilize these findings to investigate the home users patterns
and the implication of seasons or holidays. These findings
are the cornerstone of precise and successful application of
Direct Load Control (DLC) by utilities, which in turn helps
in maintaining grid and price stability.
TABLE III
SUMMER AND WINTER ENERGY CONSUMPTION PER ACTIVITY
Activity Winter EnergyConsumption (Wh/day)
Summer Energy
Consumption (Wh/day)
Heating (oil-filled) 12000 1125
Air conditioning 6720 56000
Water heating 19782 2213.7
Water coolers 1300 2210
Water Bumb (Dynamo) 375 525
Washing & Drying 5200 7600
Ironing 1000 1800
Vacuum cleaning 1000 1300
Cooking 3440 3010
Electric kettle 2340 3600
Lighting 3650 3750
Food preservation 4800 4800
TV 636 1416
PC 630 780
Gaming devices 312 360
Total
(KWh/month) 1895.55 2714.69
V. CONCLUSION
In order to control the demand side, detailed knowledge of
the load composition and the percentage of each load must
be gained. The information about the load composition and
percentages is highly correlated with time, season, weather
and many other sociological and behavioural factors.
This paper presented a simplified approach for finding
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Fig. 5. Percentage of household appliances in winter.
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and understanding load compositions and percentage of each
load type. A hybrid top-down and bottom-up approach was
used. The top-down approach is represented by acquiring the
data from SCADA systems on residential substation. Then
the bottom-up approach maps the acquired load composition
with the load profile acquired from the top-down approach to
obtain the household load composition and the corresponding
percentages. The paper uses real and local load data from the
eastern province in Saudi Arabia to apply the methodology
and present the findings.
Using this simple model, the percentage and composition
of the household in the region of study were both identified.
The acquired data highly matches the anticipated and historical
load composition and percentages.
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